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Abstract

Multi-modal trajectory forecasting methods commonly
evaluate using single-agent metrics (marginal metrics),
such as minimum Average Displacement Error (ADE) and
Final Displacement Error (FDE), which fail to capture joint
performance of multiple interacting agents. Only focusing
on marginal metrics can lead to unnatural predictions,
such as colliding trajectories or diverging trajectories
for people who are clearly walking together as a group.
Consequently, methods optimized for marginal metrics lead
to overly-optimistic estimations of performance, which is
detrimental to progress in trajectory forecasting research.
In response to the limitations of marginal metrics, we
present the first comprehensive evaluation of state-of-the-
art (SOTA) trajectory forecasting methods with respect
to multi-agent metrics (joint metrics): JADE, JFDE, and
collision rate. We demonstrate the importance of joint
metrics as opposed to marginal metrics with quantitative
evidence and qualitative examples drawn from the ETH /
UCY and Stanford Drone datasets. We introduce a new
loss function incorporating joint metrics that, when applied
to a SOTA trajectory forecasting method, achieves a 7%
improvement in JADE / JFDE on the ETH / UCY datasets
with respect to the previous SOTA. Our results also indicate
that optimizing for joint metrics naturally leads to an im-
provement in interaction modeling, as evidenced by a 16%
decrease in mean collision rate on the ETH / UCY datasets
with respect to the previous SOTA. Code is available at
github.com/ericaweng/joint-metrics-matter.

1. Introduction

Because the future is inherently multi-modal, the trajec-
tory forecasting community has adopted the use of top-K
metrics, average displacement error (ADE) and final dis-
placement error (FDE), to evaluate and optimize meth-
ods. Under this evaluation, stochastic trajectory forecast-
ing models generate a set of K different possible futures
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Figure 1: Multi-agent trajectory forecasting methods are
optimized for single-agent metrics like ADE (left panel). As
a result, within a single joint future, the method may predict
very good trajectories for some agents (e.g. the green agent),
but very bad predictions for others (e.g. the orange agent).
Our Joint AgentFormer, optimized for JADE (right panel),
encourages the predictions of all agents within a joint future
to be close to the ground-truth.

for each target sequence of a certain time length. Each pos-
sible future represents a set of x-y position predictions for
all agents in the sequence; we call each set of predictions
a “sample.” Min ADE / FDE is then calculated by find-
ing, for each agent, the lowest-error prediction across the
K samples when compared to the ground-truth. Unfortu-
nately, ADE / FDE do not explicitly account for interacting
futures. The future is not only multi-modal but also inter-
acting; the future trajectories of each agent depend on one
another. For example, a car merging into a busy road may
either choose to push its way in, or wait passively for an
opening. If the car merges, other vehicles on the road will
slow down to let it in. If the car waits, others will maintain
their speed. A scenario where the car merges but the vehi-
cles on the road maintain their speed and crash into the car
would not be a likely future.

Most trajectory forecasting methods produce predictions
for all agents in the sequence jointly, in order to better
model these interactive scenarios. However, under standard
top-K evaluation, the predictions are considered for each
agent marginally, and thus the predictions used in evalua-
tion need not come from the same sample. A method may
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achieve good ADE / FDE simply by producing an accu-
rate prediction for each agent in any one of its K samples,
and then mixing-and-matching the best predictions for each
agent; it need not accurately model the joint future within a
single sample.

Only considering marginal metrics during evaluation can
result in an overly optimistic estimation of performance.
A method may achieve excellent ADE / FDE yet still fail
at joint interaction modeling, such as predicting collision-
free trajectories, as seen in Figure 1. After crossing the
crosswalk, it is reasonable that a pedestrian either continues
straight down the sidewalk, turns left onto the sidewalk, or
turns right to cross the other crosswalk. Supposing all three
possibilities are equally likely and well-represented by the
ground truth data, a model that has been trained relying on
standard min ADE / FDE metrics (e.g. that shown in left
panel of figure) may predict any one of these three futures.
However, since the method is optimized for each agent in-
dividually, it may not enforce the correct group behavior;
two pedestrians walking side-by-side are likely to choose
the same mode.

A work from the vehicle forecasting community [49] in-
troduced joint metrics, which they called “scene-level” ADE
and FDE. These metrics, rather than mix-and-match the
minimum ADE / FDE prediction per-agent, instead average
over all agents within a sample before taking the minimum-
error sample as the one that “counts.” Performing well with
respect to joint metrics necessitates not only predicting ac-
curate marginal futures, but also accurate joint futures. Joint
metrics are also reported in the Waymo Motion Prediction
challenge and several other vehicle forecasting works; how-
ever, they have failed to gain traction in pedestrian fore-
casting evaluation, and few if any methods that evaluate on
pedestrian datasets report them.

Diverging from the names used by [49], we shall in-
stead refer to “scene-level” ADE / FDE as “joint” ADE /
FDE (JADE / JFDE) in order to avoid confusion with the
overloaded term “scene,” which is also used in trajectory
forecasting literature to refer to environment information
such as semantic maps or the location of a dataset. We de-
fine these metrics and compare the differences with their
marginal counterpart ADE / FDE in Section 3.

In theory, current forecasting architectures may already
be capable of modeling joint futures and multi-agent inter-
actions through the use of graph and attention-based archi-
tectures such as GNNs and Transformers. These architec-
tures are designed to explicitly model social interactions
between agents so as to predict realistic joint futures, and
have led to great improvements in ADE / FDE. However,
increasing studies show that adversarial attacks can cause
methods to produce unrealistic joint futures and poor re-
sults [44, 5, 63]. For example, [44] showed that “socially-
aware” models may not be as socially-aware as they claim

to be, because well-placed attacks can cause predictions
with colliding trajectories. To more realistically assess the
performance of multi-agent forecasting, we advocate for the
use of joint metrics over marginal metrics in method evalu-
ation. Furthermore, we hypothesize that multi-agent archi-
tectures fall short in modeling realistic agent interactions
because they are optimized with respect to only marginal
losses (that are driven by the field’s focus on marginal met-
rics). To test this hypothesis, we modify the loss function
on a popular SOTA method to include a joint loss term.
We show with this simple and straightforward modifica-
tion, SOTA methods become far more accurate at modeling
multi-agent interactions.

Our contribution is thus two-fold:

• We present the first comprehensive evaluation of
SOTA trajectory forecasting methods with respect to
joint metrics: JADE, JFDE, and collision rate. We
show that ADE / FDE are an overestimation of perfor-
mance on joint agent behavior; JADE / JFDE is often
2x worse than the reported ADE / FDE across meth-
ods for K = 20 samples. We illustrate the importance
of joint metrics over marginal metrics with quantita-
tive evidence as well as qualitative examples drawn
from SOTA methods on the ETH [39] / UCY [28] and
SDD [43] datasets.

• We introduce a simple multi-agent joint loss function
that, when used to optimize a SOTA trajectory fore-
casting method, achieves a improvement of 7% over
the previous SOTA with respect to the joint metrics
JADE / JFDE on the ETH / UCY datasets. We show
that this lower JADE / JFDE is also linked with a
16% reduction in collision rate as compared with the
previous SOTA, substantiating the hypothesis that op-
timizing with respect to joint metrics also improves
collision-avoidance modeling.

2. Related Work
Joint Evaluation Metrics. JADE / JFDE was introduced
in [49], but few papers in either the vehicle or pedestrian
forecasting have evaluated and reported performance on it.
As far as we know, the only papers that report on it are
[49, 12, 50], all from the vehicle forecasting community. In
pedestrian forecasting, JADE / JFDE is overlooked in favor
of ADE / FDE.

Collision Rate (CR) is a joint evaluation metric that has
seen greater attention in more recent works as members
of the trajectory forecasting community begin to pay more
attention to social compliance and effective joint model-
ing [25, 47, 23, 26, 34, 44].

In the autonomous vehicle setup, other joint evalua-
tion metrics have been proposed, including Driveable Area
Compliance [9], Miss Rate [9, 49, 12], and mean Average
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Precision [49, 12], the latter two taking inspiration from the
object detection evaluation setup. These metrics all measure
“realism” aspects of predicted trajectories, but have still not
become widespread in the pedestrian trajectory forecasting
space.

The NLL metric captures joint-agent performance be-
cause it averages over all pedestrians N , but it is insufficient
for capturing best-of-K multi-modality because it averages
over samples instead of taking the minimum:

NLL =
1

KNT

∑
k,t,i

− logKDE PDF (p
(i)
t,n, p

∗(i)
t,n )

Thus, when used to report performance on real datasets with
only one ground truth future mode, NLL does not reward
plausible but unrepresented modes.

Precision / Recall can only be calculated on datasets that
report multiple ground truth modes, such as the Forking
Paths Dataset [30], so that is a limitation.
Multi-modal Joint Trajectory Forecasting. Modern tra-
jectory forecasting methods typically learn to predict tra-
jectory distributions using deep models trained to imitate
real datasets. In order to capture multiple possible fu-
tures, many methods are based on deep generative archi-
tectures [20, 13, 40], such as conditional variational au-
toencoders (CVAEs) [27, 57, 19, 51, 52], generative ad-
versarial networks (GANs) [15, 45, 22, 66, 23], and nor-
malizing flows (NFs) [41, 42, 14]. To model the joint be-
havior of multiple socially interacting agents, many meth-
ods have made use of graph-based computation structures
with attention and pooling layers such as GNNs and trans-
formers [19, 36, 46, 21, 2, 31, 10, 48, 38, 56, 58, 60,
3, 6, 4, 18]. SOTA methods have employed a variety of
techniques for better modeling, such as using waypoints
and goals to break the forecasting problem into a series
of hierarchical steps [11, 35, 64, 7, 8, 62, 65, 55, 53],
mathematical and physical modeling techniques such as so-
cial forces [17] alongside deep architectures [62, 53, 32],
and other paradigms and techniques such as memory re-
trieval [54], contrastive learning [34], and causal disentan-
glement [33]. Despite the large improvements made with
respect to ADE / FDE, progress with respect to JADE /
JFDE is still unknown, as none of the aforementioned meth-
ods evaluate with respect to JADE / JFDE.

3. Metrics Definitions
We formulate the multi-agent trajectory forecasting

problem as predicting the future trajectories of N agents
conditioned on their past trajectories. For observed his-
tory timesteps t ≤ 0, we represent the state for agent n
at timestep t as xt,n ∈ Rd, which includes the position,
velocity, and (in some methods) the heading angle of the

agent. We denote the joint observation history for all N
agents over all T timesteps as x = (x1,1, . . . , xT,N ). For
future timesteps t > 0, we represent the ground-truth posi-
tions of agent n at timestep t as y∗t,n ∈ R2, which includes
a 2D x-y position. We denote the ground-truth trajectories
of over all agent-timesteps as y∗ = (y∗1,1, . . . , y

∗
T,N ). Simi-

larly, we represent the joint position predictions for agent n
at timestep t in prediction sample k as y

(k)
t,n ∈ R2, and the

position predictions over all agent-timestep-samples as y.
We define the marginal and joint metrics used in evalua-

tion. The standard used in evaluations is 8 history or obser-
vation timesteps and T = 12 future timesteps for a total of
20 frames per sequence sampled at 2.5 fps; thus 3.2s of his-
tory observation and T = 4.8s of future. K is the number
of samples, or possible futures, produced by the model for a
single 20-frame sequence; the standard used in evaluations
is K = 20. N is the number of agents, which varies by
sequence.
Marginal Metrics (ADE / FDE). Throughout the paper we
use ADE / FDE to refer to top-K minimum error rather than
average error, as this is the standard notation used in multi-
modal human trajectory forecasting evaluation.

ADE(y, y∗) =
1

TN

N∑
n=1

K
min
k=1

T∑
t=1

∥∥∥y(k)t,n − y∗t,n

∥∥∥2
2

(1)

FDE(y, y∗) =
1

N

N∑
n=1

K
min
k=1

∥∥∥y(k)T,n − y∗T,n

∥∥∥2
2

(2)

Joint Metrics (JADE / JFDE). The difference between the
calculation of ADE / FDE and JADE / JFDE is small but
significant: swapping the order of taking the minimum over
samples k and taking the average over agents n. This differ-
ence means we cannot mix-and-match agents between dif-
ferent samples; rather we must take the average error over
all agents within a sample before we select the best one to
use in performance evaluation.

JADE(y, y∗) =
1

TN

K
min
k=1

N∑
n=1

T∑
t=1

∥∥∥y(k)t,n − y∗t,n

∥∥∥2
2

(3)

JFDE(y, y∗) =
1

N

K
min
k=1

N∑
n=1

∥∥∥y(k)T,n − y∗T,n

∥∥∥2
2

(4)

Collision Rate (CR). Collision Rate is the proportion of
agents whose path intersects in time and space (by a cer-
tain threshold) with at least one other predicted agent future
in a T = 12-frame prediction sample.

If we adopt top-K evaluation and use the minimum-
JADE sample as an optimistic measure of the method’s
prediction ability, then the collision rate of that sample
provides an optimistic estimate of the model’s collision-
avoidance ability. Thus, we define CRJADE , the collision
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rate of the minimum-JADE sample:

CRJADE(y) =
1

N

N∑
n=1

1

[
collision

(
y(k)n , y(k)

m̸=n

)]
; (5)

k = argmink′

N∑
n=1

T∑
t=1

∥∥∥y(k′)
t,n − y∗t,n

∥∥∥2
2

where y(k)n represents all predictions y(k)t,n for t = [1, ..., T ],
and collision is a function that returns True if any
two line segments formed by

(
y
(k)
t,n , y

(k)
t+1,n

)
∈ y(k)n and(

y
(k)
t,m, y

(k)
t+1,m

)
∈ y(k)m ∀ m ̸= n come within 2b of each

other, and False otherwise. For our evaluations, we use an
agent radius of b = 0.1 meters, as used in [24]. Adver-
sarial examples discounted, CRJADE should be lower than
CRmean, the mean collision rate across all samples. This is
because the sample with the best JADE is that which is clos-
est to the ground-truth, which has few collisions, as seen in
the last row of Table 1b.

Because proper learning of social interactions should re-
sult in low collision rate, we would ideally like all samples
produced by a model to avoid collisions. Thus, we also de-
fine CRmean as defined in past work [24, 47]:

CRmean(y) =
1

NK

K∑
k=1

N∑
n=1

1

[
collision

(
y(k)n , y(k)m ̸=n

)]
(6)

As it considers the mean over samples, rather than the min
as in top-K evaluation, CRmean provides a holistic rather
than optimistic evaluation of a model’s collision-avoidance
ability.

4. Joint Optimization of SOTA Methods
We introduce an improvement upon AgentFormer [61] and
View Vertically [53] that improves performance with re-
spect to JADE / JFDE and, in the case of AgentFormer,
Collision Rate. We selected two trajectory prediction mod-
els to show our methods’ broad applicability.

4.1. AgentFormer

The AgentFormer architecture is a CVAE structure with
transformer layers that factorizes the trajectory forecasting
problem into a prediction over a latent space of possible
futures z conditional on the trajectory histories x, and a pre-
diction over decoded possible futures y conditional on the
latent z. We make no modifications to the AgentFormer ar-
chitecture, and thus refer readers to the original paper [61]
for more detail.

AgentFormer training involves a two-step procedure: a
first step to learn accurate trajectory decoding, and a second
tuning step to learn to produce diverse prediction samples.

During the first step, AgentFormer makes use of the nega-
tive evidence lower bound (ELBO) loss function to encour-
age the CVAE model’s predictions to match the ground-
truth positions while maintaining that the latent space of
possible futures adhere to the Gaussian distribution.

Lelbo = −Eqϕ [log pθ(y|z, x)] + KL(qϕ(z|y, x)||pθ(z|x)]
(7)

This loss can be rewritten as the three terms in black:

Lelbo =
∑
n

||y(0)n − y∗||2 +
∑
n

K
min
k=1

||y(k)
n − y∗n||2 (8)

+
K
min
k=1

∑
n

||y(k)
n − y∗n||2 + KL(qϕ(z|y, x) || pθ(z|x))

The first and second terms are reconstruction terms result-
ing from the first term of equation 7 (the ELBO likelihood
term). The first term is a general reconstruction loss that
encourages a single predicted future y(0) to be close to the
ground-truth y∗. The second term is a marginal sample re-
construction loss that encourages the min ADE prediction
for agent n, mink ||y(k)n − y∗n||, to be close to the ground-
truth y∗n. The fourth term is equivalent to the second term
of equation 7 (the KL divergence term), which encourages
the CVAE Prior network, pθ, to learn the latent distribution
encoded by the posterior network qϕ.

In our joint optimization, we modify the objective func-
tion by adding the third term in blue, a joint sample re-
construction loss that encourages the min JADE prediction
mink

∑
n ||y

(k)
n − y∗

n|| to be close to the ground-truth y∗.
While the first training step learns a latent space that

maximizes the probability that decoded predictions match
the ground-truth, AgentFormer makes use of a second train-
ing step that is designed to encourage the decoded predic-
tions to be diverse. Here, the CVAE weights are fixed, and
the CVAE Prior network’s latent sampler is swapped out
for a DLow Trajectory Sampler. This new sampler module
learns a fixed set of K linear transformations of the latent z
that are trained to be different from one another via a DLow
diversity loss Lsamp [59]. We signify the new prior network
with the DLow Trajectory Sampler as rθ. In our joint opti-
mization, we modify AgentFormer’s objective function by
adding a joint sample reconstruction term, just as we did in
the first training step. The final objective function for the
second training step is therefore:

Lsamp =
∑
n

K
min
k=1

||y(k)n − y∗n||2 +
K
min
k=1

∑
n

||y(k)n − y∗n||2

+ KL
(
rθ(z|x) || pθ(z|x)

)
(9)

+
1

K(K − 1)

K∑
k1=1

K∑
k1 ̸=k2

exp

(
− ||y(k1) − y(k2)||

σd

)
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The first term is the marginal sample reconstruction loss,
analogous to the second term of Equation 8. The blue sec-
ond term, our addition, is equivalent to the joint sample re-
construction loss we added to the first training step. The
third term is a KL term which encourages the new prior net-
work rθ (with the new Trajectory Sampler module), to be
near the distribution of the original prior network pθ (with
the old CVAE Prior sampler, which was learned in the first
training step). The fourth term is the diversity loss, which
encourages the fixed set of K futures to be diverse from one
another.

4.2. View Vertically

View Vertically is a simple hierarchical method with two
modules: a coarse-level waypoint prediction module, and
a fine-level trajectory prediction module. The coarse-level
module forecasts the future waypoints in the spectrum do-
main, and the fine-level module interpolates waypoints in
the spectrum domain, and then decodes full trajectories in
coordinate space. We make no modifications to the archi-
tecture, and thus refer readers to the original paper [53] for
more detail.

Each module is trained independently. The coarse-level
module is optimized according to the loss written in black:

Lcoarse =
1

NwayNagents

∑
n

K
min
k=1

Nway∑
m=1

||y(k)
m,n − y∗m,n||2

(10)

+ ω · 1

NwayNagents

K
min
k=1

∑
n

Nway∑
m=1

||y(k)m,n − y∗
m,n||2

Here, Nway is the set of waypoint timesteps used for
coarse prediction, optimized as a hyperparameter. Similar
to how we do with AgentFormer, to optimized View Ver-
tically with joint metrics, we add the blue second term, the
joint optimization term. Here, ω is a weighting hyperparam-
eter that balances how much the to consider the marginal
term vs. the joint term.

The fine-level module is optimized according to the loss
written in black:

Lcoarse =
1

TN

∑
n

K
min
k=1

∑
t

||y(k)t,n − y∗t,n||2 (11)

+ ω · 1

TN

K
min
k=1

∑
n

∑
t

||y(k)
t,n − y∗

t,n||2

We add in the term in blue, analogous to the term we add
for the coarse-level module.

5. Evaluation Setup
Datasets. We evaluate on the commonly-used pedestrian
trajectory datasets ETH [39] / UCY [29], used across the
field in nearly all pedestrian trajectory forecasting works.
ETH / UCY features bird’s eye views trajectories of pedes-
trians in 5 different environment scenes given in real-world
coordinates (meters). Following [1, 16, 61, 35, 36, 46], we
use the leave-one-out training and evaluation setup, where
we train on all but one of the 5 environment scenes, and
evaluate on the left-out scene.

We also evaluate on the Stanford Drone Dataset
(SDD) [43], which features trajectories captured via drone
from a bird’s eye viewpoint across 20 different scenes on
Stanford University’s campus given in image pixel coordi-
nates. Instead of using the raw data, we chose to use the Tra-
jNet split [25] of SDD, a downsampled and smaller subset
of the original data considering only pedestrian trajectories,
following the training and evaluation setup of [46, 45].

Baselines. We compare our approach with current state-of-
the-art methods: View Vertically [53], MemoNet [54], Y-
Net [35], and AgentFormer [61]; and other standard base-
lines from recent years: Trajectron++ [46], PECNet [36],
and S-GAN [16]. We re-evaluate using pre-trained models
if provided, or retrain and re-evaluate using available source
code if not. For fair comparison between methods, we pro-
vide the model only ground-truth trajectory histories, and
do not provide scene context information such as images
or semantic maps. Y-Net is the only baseline in our eval-
uation that used semantic map information in the original
work [36]; the reason the results we report for Y-Net are
not as performant as those reported in their paper is because
we retrain without using map information. There are a few
other reasons for differences between our results and that
reported in the original papers: the numbers originally re-
ported in Trajectron++ were incorrect due to a data snoop-
ing bug; thus we re-train and re-evaluate on a corrected ver-
sion of the code. View Vertically used a different sample
rate on the eth scene and a slightly different split of the
hotel scene in the ETH dataset; thus, we retrain and re-
evaluate it on the standard split used by most other meth-
ods ([46, 36, 35, 54, 16, 61]). To ensure fair comparison
across methods on SDD, we re-train and re-evaluate meth-
ods which either used a different split instead of the Tra-
jNet [24] split (View Vertically used the original raw dataset
and downsampled / preprocessed the data themselves) or
did not originally train and report results on SDD (Agent-
Former and Trajectron++).

6. Results and Analyses
JADE / JFDE. Joint metrics (Table 1a) perform about 2x
worse across the board as compared to marginal metrics
(Table 1c). This means that while methods can achieve
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A3: 0.72
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min ADE: 0.18      min JADE: 0.44

Observation
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Observation
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Sample 1            Sample 2                 Sample 3

Sample 1            Sample 2                 Sample 3

Best JADE
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Figure 2: Comparison of Our Joint AgentFormer (last row) with two baselines, View Vertically [53] and AgentFormer [61].
Legend is in the upper-left corner. A# stands for Agent #. Best per-pedestrian ADE values are highlighted yellow; best JADE
values are highlighted orange. View Vertically (1st row) and AgentFormer (2nd row), optimized for ADE, achieve a better
ADE than Our Joint AgentFormer by mixing and matching pedestrians from different samples. However, they have lower
JADE than Our Joint AgentFormer, because no single sample has good JADE. On the other hand, our method’s best ADE is
equal to our best JADE (bottom right), since our method was optimized to encourage all pedestrians within a sample to have
low error. Baseline methods that optimize for ADE / FDE rather than JADE / JFDE have several other shortcomings. For
example, in the top-right panel, View Vertically predicts colliding trajectories (collision denoted by the light yellow circle).
In the top-middle panel, it predicts the diverging trajectories for two pedestrians that were clearly walking as a group. In spite
of these failures, View Vertically still achieves excellent ADE, pointing to a shortcoming in evaluation using only marginal
metrics as well optimization using only marginal loss.
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Table 1: Baseline evaluations across SOTA baselines (first 7 rows) as well as Our Joint AgentFormer method (last row), on
the ETH / UCY datasets (first 6 columns) and the Stanford Drone dataset (last column). The metrics being reported (a.) JADE
/ JFDE, (b.) CRJADE / CRmean, and (c.) ADE / FDE) are shown in the title of each table. Sequence density, as given by
mean number of agents per 20-frame sequence, is shown in parentheses next to each dataset name. Lower values are better;
bolded values show best result, underlined values show the second-best. All results are for K = 20 prediction samples per
sequence.

(a) min JADE/JFDE

min JADE20/JFDE20 ↓ (m), K = 20 samples
Dataset (mean # peds) → ETH (1.4) HOTEL (2.7) UNIV (25.7) ZARA1 (3.3) ZARA2 (5.9) ETH / UCY Avg. SDD TrajNet (1.5)

S-GAN [16] 0.919 / 1.742 0.480 / 0.950 0.744 / 1.573 0.438 / 1.001 0.362 / 0.794 0.589 / 1.212 13.76 / 24.84
Trajectron++ [46] 0.726 / 1.299 0.237 / 0.418 0.609 / 1.316 0.359 / 0.712 0.294 / 0.625 0.445 / 0.874 11.36 / 18.21

PECNet [37] 0.618 / 1.097 0.291 / 0.587 0.666 / 1.417 0.408 / 0.896 0.372 / 0.840 0.471 / 0.967 10.82 / 19.48
Y-Net [35] 0.495 / 0.781 0.205 / 0.386 0.695 / 1.559 0.487 / 1.045 0.492 / 1.101 0.475 / 0.974 9.67 / 16.01

MemoNet [54] 0.499 / 0.859 0.222 / 0.416 0.686 / 1.466 0.349 / 0.723 0.385 / 0.864 0.428 / 0.866 9.59 / 16.43
View Vertically [53] 0.561 / 0.776 0.196 / 0.332 0.654 / 1.307 0.328 / 0.654 0.298 / 0.602 0.408 / 0.734 10.75 / 17.45

Joint View Vertically (Ours) 0.652 / 0.839 0.186 / 0.309 0.523 / 1.091 0.331 / 0.634 0.267 / 0.547 0.392 / 0.684 10.92 / 17.70
AgentFormer [61] 0.482 / 0.794 0.237 / 0.456 0.622 / 1.310 0.285 / 0.564 0.296 / 0.624 0.384 / 0.749 9.67 / 16.92

Joint AgentFormer (Ours) 0.485 / 0.798 0.186 / 0.320 0.590 / 1.219 0.271 / 0.513 0.252 / 0.509 0.357 / 0.672 9.56 / 16.59

(b) CRJADE / CRmean

CRmean/CRJADE ↓ (m), K = 20 samples
Dataset (mean # peds) → ETH (1.4) HOTEL (2.7) UNIV (25.7) ZARA1 (3.3) ZARA2 (5.9) ETH / UCY Avg. SDD TrajNet (1.5)

S-GAN [16] 0.015 / 0.045 0.031 / 0.090 0.165 / 0.251 0.060 / 0.185 0.083 / 0.195 0.071 / 0.153 0.00 / 0.00
Trajectron++ [46] 0.025 / 0.137 0.044 / 0.271 0.281 / 0.489 0.088 / 0.466 0.126 / 0.456 0.113 / 0.364 0.00 / 0.00

PECNet [37] 0.014 / 0.115 0.043 / 0.269 0.218 / 0.409 0.059 / 0.396 0.128 / 0.455 0.092 / 0.329 0.00 / 0.03
Y-Net [35] 0.016 / 0.141 0.039 / 0.250 0.265 / 0.482 0.100 / 0.513 0.134 / 0.480 0.111 / 0.373 0.00 / 0.00

MemoNet [54] 0.014 / 0.160 0.040 / 0.301 0.206 / 0.415 0.065 / 0.445 0.136 / 0.483 0.092 / 0.361 0.00 / 0.00
View Vertically [53] 0.014 / 0.090 0.029 / 0.203 0.212 / 0.428 0.045 / 0.233 0.082 / 0.316 0.077 / 0.254 0.00 / 0.00

Joint View Vertically (Ours) 0.011 / 0.076 0.026 / 0.168 0.276 / 0.484 0.045 / 0.262 0.081 / 0.349 0.088 / 0.268 0.00 / 0.00
AgentFormer [61] 0.016 / 0.068 0.022 / 0.084 0.204 / 0.362 0.021 / 0.088 0.054 / 0.139 0.063 / 0.148 0.00 / 0.00

Joint AgentFormer (Ours) 0.013 / 0.064 0.019 / 0.094 0.163 / 0.333 0.021 / 0.100 0.055 / 0.203 0.054 / 0.159 0.00 / 0.00
Ground Truth 0.000 0.001 0.021 0.000 0.002 0.005 0.00

(c) minADE/FDE

minADE20/FDE20 ↓ (m), K = 20 samples
Dataset (mean # peds) → ETH (1.4) HOTEL (2.7) UNIV (25.7) ZARA1 (3.3) ZARA2 (5.9) ETH / UCY Avg. SDD TrajNet (1.5)

S-GAN [16] 0.876 / 1.656 0.461 / 0.920 0.639 / 1.343 0.379 / 0.816 0.285 / 0.600 0.528 / 1.067 12.74 / 22.65
Trajectron++ [46] 0.669 / 1.183 0.185 / 0.283 0.303 / 0.541 0.249 / 0.414 0.175 / 0.319 0.316 / 0.548 10.18 / 15.76

PECNet [37] 0.562 / 0.985 0.192 / 0.332 0.336 / 0.630 0.243 / 0.468 0.179 / 0.345 0.302 / 0.552 9.34 / 16.10
Y-Net [35] 0.398 / 0.571 0.123 / 0.189 0.310 / 0.598 0.258 / 0.491 0.198 / 0.389 0.257 / 0.448 8.15 / 12.80

MemoNet [54] 0.410 / 0.636 0.113 / 0.173 0.244 / 0.433 0.184 / 0.320 0.143 / 0.248 0.219 / 0.362 7.97 / 12.82
View Vertically [53] 0.569 / 0.691 0.124 / 0.188 0.290 / 0.499 0.202 / 0.356 0.147 / 0.257 0.267 / 0.398 9.34 / 14.67

Joint View Vertically (Ours) 0.700 / 0.792 0.129 / 0.196 0.267 / 0.474 0.219 / 0.359 0.144 / 0.247 0.292 / 0.414 9.62 / 15.07
AgentFormer [61] 0.451 / 0.748 0.142 / 0.225 0.254 / 0.454 0.177 / 0.304 0.140 / 0.236 0.233 / 0.393 8.01 / 13.24

Joint AgentFormer (Ours) 0.473 / 0.792 0.135 / 0.212 0.285 / 0.505 0.189 / 0.321 0.144 / 0.242 0.245 / 0.414 8.25 / 13.74

excellent predictions for individual agents across different
prediction samples, they perform a lot worse at producing
good predictions for all agents within a single prediction
sample. This provides evidence that marginal metrics are
overly optimistic estimations of trajectory forecasting per-
formance.

Our Joint AgentFormer achieves the best JADE and
JFDE of all methods: 7% better in JADE and 10% better

in JFDE over AgentFormer, the next-best method in ETH
/ UCY. Our Joint View Vertically also achieves a 4% boost
in JADE and a 7% boost in JFDE over vanilla View Verti-
cally. The performance of all methods wrt JADE / JFDE is
summarized in Table 1a. For both of our methods, there is
a significantly large improvement in JADE / JFDE perfor-
mance (18% for Joint AgentFormer and for 10% for Joint
View Vertically) in the zara2 scene, an environment with
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Figure 3: Interaction Categories.

plenty of interactions caused by medium-density sequences
(about 6 pedestrians per 20-frame sequence). We hypoth-
esize that our optimization method causes increased per-
formance particularly on high-density sequences, in which
there exist more interactions than in low-density sequences.
Another example is in the univ scene, the densest scene, in
which Joint View Vertically achieves a 20% improvement,
and Joint AgentFormer achieves a 5% improvement. It is
worthy to note that joint optimization results on a smaller
improvement margin on scenes with few interactions (eth,
hotel, and SDD TrajNet). Perhaps adding in consider-
ation of joint dynamics in these simple scenes may confuse
the model and impede accurate prediction.

While our method does not achieve the best ADE / FDE
(Table 1c), we argue that the decrease in ADE / FDE is
worth the improvement in JADE / JFDE. As seen in the tra-
jectory visualizations in Figure 2, which compares predic-
tions from our method to that of View Vertically, a method
may achieve excellent ADE / FDE yet still fall short at pro-
ducing natural and socially-compliant trajectories for cer-
tain agents.

Collision Rate. Our Joint AgentFormer performs best
across the board with respect to collision rate, as seen in
Table 1b. We gain an improvement in collision rate as com-
pared with the baselines although we do not optimize ex-
plicitly with respect to it, substantiating our claim that op-
timizing for joint performance also leads naturally to a de-
crease in collision rate.

Interaction Categories. We studied the effect of our
improvements across different cross sections of the data.
Specifically, we heuristically define 3 different categories of
interactions present within the data: group, leader-follower,
and collision-avoidance. These interaction categories are
used to categorize individual agents based on whether that
agent interacts in a certain way with at least one other agent
within a 20-frame sequence. The categories are not dis-
joint, so each agent may fall into none, one, or multiple
categories. Group defines an agent who moves in parallel
with another agent; leader-follower defines an agent who
either is moving behind or before another agent in the same
direction as that other agent; collision-avoidance defines

Table 2: Comparison of collision rate performance of AgentFormer vs.
Our Joint AgentFormer on different interaction categories in the ETH /
UCY dataset. In parentheses below each interaction category name shows
the proportion of pedestrians belonging to that category across all 20-frame
sequences, out of 34161 pedestrians total.

CRmean ↓

Interaction Category
(proportion peds in category) →

group

(0.44)

collison
avoidance

(0.61)

leader-
follower

(0.03)

ETH / UCY
aggregate

(1.0)

AgentFormer [61] 0.103 0.201 0.124 0.063
Joint AgentFormer (Ours) 0.084 0.180 0.103 0.053

ground-truth 0.010 0.011 0.028 0.005

an agent that comes within a distance threshold to another
agent that is not moving in the same direction. Definitions
of the heuristics used to create these categories can be found
in the supplementary material; we take inspiration from and
modify the heuristics used in [25]. Figure 3 shows examples
of pedestrians within each category.

Using our defined categories, we examine collision rate
performance on the ETH / UCY dataset. We highlight the
success of our method with respect to modeling of pedestri-
ans involved in interactions, as seen in Table 2: a 23% de-
crease in group, a 19% decrease in collision-avoidance, and
a 24% decrease in leader-follower. These results substanti-
ate our claim that our method improves social compliance.

Ablation Studies. We perform ablations to study the effect
on joint metric performance of using the marginal recon-
struction loss and / or the joint reconstruction loss in both
steps of AgentFormer training, as seen in Table 3.

An interesting observation is that training AgentFormer
with only joint loss during both training steps (line 3 of Ta-
ble 3a) does not result in as good JADE / JFDE as compared
with training with both marginal and joint loss in the first
step, and then only joint loss in the second (as we do in Our
Joint AgentFormer, line 4 of Table 3a). A possible reason
for this is because the joint prediction problem is inherently
more difficult than the marginal prediction problem, due to
having to optimize for joint performance of multiple agents
rather than individual agents independently. As the joint
loss function more naturally captures social compliance for
the joint prediction problem than the marginal loss func-
tion, as previously established, optimizing it acquires the
difficulty of the joint prediction problem.

Another point of interest with regard to the two-step
training procedure of AgentFormer is that models trained
with joint loss during the first AgentFormer training step
show greater improvement in mean collision rate (Line 3
and 4 in Table 3b). This may be due to the fact that the
first training step accounts for the majority of AgentFormer
training, as that is when most weights of the CVAE are
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Table 3: Ablation studies on the usage of Marginal and Joint loss
terms in the two training steps of AgentFormer optimization.

(a) Ablation Results for JADE / JFDE.

min JADE20/JFDE20 ↓ (meters)

training step 1 training step 2

Marginal
term

Joint
term

Marginal
term

Joint
term

ETH / UCY
Average

AgentFormer [61] ✓ ✓ 0.384 / 0.749
- ✓ ✓ 0.365 / 0.694
- ✓ ✓ 0.386 / 0.734
- ✓ ✓ ✓ 0.358 / 0.672

Ours ✓ ✓ ✓ ✓ 0.357 / 0.672

(b) Ablation Results for mean Collison Rate.

CRmean ↓; K = 20 samples

training step 1 training step 2

Marginal
term

Joint
term

Marginal
term

Joint
term

ETH / UCY
Average

AgentFormer [61] ✓ ✓ 0.063
- ✓ ✓ 0.064
- ✓ ✓ 0.051
- ✓ ✓ ✓ 0.053

Ours ✓ ✓ ✓ ✓ 0.054

(c) Ablation Results for ADE / FDE.

minADE20/FDE20 ↓; K = 20 samples

training step 1 training step 2

Marginal
term

Joint
term

Marginal
term

Joint
term

ETH / UCY
Average

AgentFormer [61] ✓ ✓ 0.233 / 0.393
- ✓ ✓ 0.255 / 0.436
- ✓ ✓ 0.293 / 0.516
- ✓ ✓ ✓ 0.258 / 0.439

Ours ✓ ✓ ✓ ✓ 0.245 / 0.414

trained; the second training step only learns the weights of
the Trajectory Sampler, which account for only a small frac-
tion of the entire network.

7. Conclusion
In this paper, we illustrated the importance of joint met-

rics in addition to marginal metrics, presenting a compre-
hensive benchmark evaluation of SOTA methods in multi-
agent trajectory forecasting with respect to JADE / JFDE
and collision rate. Further, we proposed a new approach that
optimizes for joint performance rather than only marginal
performance. Our Joint AgentFormer achieves state-of-the-
art results with respect to JADE / JFDE, outperforming all
previous methods. Our Joint View Vertically also outper-

forms the original View Vertically. We also highlight the
improvements achieved in collision rate, showing that joint
optimization may also lead to improved interaction mod-
eling. Finally, we push for the widespread adoption of
joint metrics in trajectory forecasting evaluation, so we can
achieve more realistic estimation of method performance;
as well as the adoption of joint loss functions in optimiza-
tion, so we can achieve better interaction modeling of multi-
modal futures.

Acknowledgements. Thank you to Ye Yuan and Aaditya
Singh for their feedback on the manuscript!
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